Upcoming immunotherapies for cancer treatment rely on the ability of the immune system to detect and eliminate tumors in the body. A highly simplified version of this process can be studied in a Petri dish: starting with a random distribution of immune and tumor cells, it can be observed in detail how individual immune cells migrate towards nearby tumor cells, establish contact, and attack. Nevertheless, it remains unclear whether the immune cells find their targets by chance, or if they approach them 'on purpose', using remote sensing mechanisms such as chemotaxis. In this work, we present methods to infer the strength and range of long-range cell-cell interactions from time-lapse recorded cell trajectories, using a maximum likelihood method to fit the model parameters. First, we model the interactions as a distance-dependent 'force' that attracts immune cells towards their nearest tumor cell. While this approach correctly recovers the interaction parameters of simulated cells with constant migration properties, it detects spurious interactions in the case of independent cells that spontaneously change their migration behavior over time. We therefore use an alternative approach that models the interactions by distance-dependent probabilities for positive and negative turning angles of the migrating immune cell. We demonstrate that the latter approach finds the correct interaction parameters even with temporally switching cell migration.
INTRODUCTION
The human immune system is able to identify and eliminate a huge variety of pathogens [1, 2] , including bacteria, viruses and fungi, but also transformed body cells, such as tumors [3] [4] [5] . While this immune response is enormously complex in vivo, basic interactions between immune cells and pathogens can readily be studied in a Patri dish [6, 7] : In one of the simplest assays, one starts with a random two-dimensional distribution of, for example, natural killer (NK) and tumor cells. Over a period of a few hours, one can observe in detail how some NKs approach nearby tumor cells, establish steric contact, and attack their targets. And yet it remains difficult to judge whether the NKs find their targets by chance, or if they are chemotactically [8] attracted by some molecular traces of the cancer cells.
In this work, we attempt to infer the strength and range of possible long-range cell-cell interactions from measured cell trajectories. For this purpose, we consider an in vitro assay where immune and target cells are randomly mixed together on a plane surface, or within a suitable three-dimensional matrix. We assume that the cells are time-lapse recorded with sufficient temporal resolution. Applying automatic tracking methods to the video recordings provides the individual cell trajectories, which are approximated as chains of straight line segments, connecting the cell positions at discrete time points. Since cell motion in the vertical direction (that is, perpendicular to the Petri dish, where the matrix may be effectively softer due to an open top surface) often differs from the horizontal motion, our method is focusing only on the projected cell migration in the horizontal (x,y) plane.
In our method, we first set up a model that describes both the normal cell migration and the (hypothetical) long-range interaction between immune and tumor cells. We then use Maximum Likelihood Optimization to fit the parameters of the model, in particular the strength and range of the interaction, to the measured cell trajectories.
On short time scales of a few minutes, cell migration can be modeled as a random walk with a fixed average speed and a fixed degree of directional persistence [9] . We therefore assume that the step widths r of a cell (defined as the distance between two successive positions in the time-lapse recording) obeys a Rayleigh distribution with scale parameter w, and that the turning angle θ of the cell (defined as the angle between two successive displacement vectors) follows a von Mises distribution with persistence parameter κ .
Possible interactions between an NK and a tumor cell are expected to depend strongly on the distance R N T between the two cells, as the 'cloud' of chemottactractant molecules around the tumor cell decays exponentially [10] . For simplicity, we assume here that a given NK cell is -if at all -only affected by the nearest tumor cell at any given time. We furthermore approximate the cells as point-like particles.
We start with a physics-inspired approach and describe interactions between the cells by exponentially distance-dependent (presumably attractive) pair forces. Assuming overdamped particle motion, such a force will 'pull' the NK cells (with a velocity proportional to the momentary force vector) towards their nearest tumor cell. However, in contrast to inanimate physical particles, Newton's action-reaction law is invalid here, as tumor cells are of course not reciprocally attracted towards NK cells. In order to account both for directionally persistent, 'natural' migration of the NK cells, and also for their attraction towards nearby targets, we simply add the displacement vectors of these two contributions in each time step (compare Fig. 1a ).
This combined migration-interaction model depends on four parameters, namely the most probable step width w, the degree of directional persistence κ, the strength of the interaction force s, and its range d. Based on the trajectory r i (t n ) of NK cell i and the positions r j (t n ) of all nearby tumor cells j, we compute the likelihood p(step n,i |w, κ, s, d) of each individual step n of cell i, given the parameters of migration-interaction model. The product over all trajectory time steps n and over all NK cells i finally yields the total model likelihood p(data|w, κ, s, d) of the observed data set. We can than fit the four parameters using a suitably adapted Maximum Likelihood approach (see Methods section).
A test of this approach with surrogate data shows that the strength s and range d of the cell-cell force, both for attractive and repulsive interactions, can be correctly inferred from simulated trajectories, provided that the NK cells perform a random walk with constant migration parameters. However, over a typical observation time period of several hours, the migration parameters w and κ of the individual cells can fluctuate spontaneously, either abruptly or gradually [11] . Since the force-based approach detects interactions based on the NK cell's step widths r and turning angles θ, any change in the statistics of these variables due to a spontaneous fluctuation of w or κ may be misinterpreted as evidence for interactions.
Indeed, the method finds strong spurious interactions even in simulations where the cells are moving completely independent from each other.
To avoid this problem, we exploit that the von Mises distribution depends only on cos(θ), and not on σ = sgn(θ), the positive or negative sign of the turning angle θ. The quantity σ can therefore be considered as an independent dynamical variable that is insensitive to spontaneous fluctuations of w or κ, but that is related to goal-directed migration: In each step of an NK cell, it has the binary choice between σ = +1 and σ = −1, and it can select for the option that brings it closer to a target tumor cell (compare Fig. 1b) . Consequently, if the probability q = prob(σ=σ closer ) of goal-directed choices is larger than 
RESULTS

Parameter reconstruction in the force-based approach
We start with a test of force-based parameter inference. For this purpose, we simulate cell trajectories with the migration-interaction model described above, and try to reconstruct the four model parameters from these trajectories. We are not only interested in the inferred parameters w opt , κ opt , s opt and d opt of maximum likelihood, but also in their statistical spread. For this reason, we present the two-
We find that in all three cases where the simulated migration parameters w and κ are constant, their values can be inferred perfectly from the trajectories (Fig. 2, a-c ). In the case with fluctuating migration parameters (Fig. 2, d ), the inferred values are somewhere in-between the two alternatives. interaction, although all cells are independent in the simulation (Fig. 3, d ).
Parameter reconstruction in the σ-based approach Next, we try to reconstruct the four parameters in the σ-based approach. In order to increase the variety of test cases, the simulated parameters are chosen differently now, in- Note that in the σ-based approach, the inference of migration and interaction parameters is completely independent. We can therefore plot the non-conditioned two-dimensional likelihood distributions p(w, κ) and p(s, d).
Again, we find that in all three cases where the simulated migration parameters w and κ are constant, their values can be inferred perfectly from the trajectories (Fig. 4, a-c) . In the case with fluctuating migration parameters (Fig. 4, d) , the inferred values are somewhere in-between the two alternatives.
The interaction parameters are re-constructed reasonably well in the first three cases (Fig. 5, a-c) . Most importantly, the case (d) with fluctuating migration parameters does not lead to any spurious interactions in the σ-based approach (Fig. 5, d ).
Applying the σ-based approach to chemotaxis simulations
So far, we have tested our method with simulation data that was generated with exactly the same migration-interaction model as used for parameter inference. However, when applying the method to real world data, it is not clear a priori which strategies the immune cells pursue to approach their targets. We therefore need to test our method also with artificial data that are generated with qualitatively different models.
For this purpose, we use previously published computer simulations of chemotactic 'hunting' behavior [12] . These simulations include the following four scenarios:
In 'Blind Search' (BLS), the immune cells do not interact at all with the targets but migrate 'blindly', according to a correlated random walk with fixed parameters for the mean step width (speed) and for the degree of directional persistence. Note that the migration model of these simulations is different from that of the present inference algorithm, since the turning angles are not drawn from a von Mises distribution. We can therefore regard this as an additional test case.
In 'Random Mode Switching' (RMS), the immune cells are still blind with respect to the targets, but occasionally switch between a highly persistent and a non-persistent (diffusive) migration mode. Here, again, the migration model of the simulations is different from that of the present inference algorithm.
In 'Temporal Gradient Sensing' (TGS), the immune cells actually approach the targets by following the temporal gradient of chemo-attractant (For details, see [12] ). The used model assumes that the immune cells stay in a highly persistent migration mode as long as the concentration of chemo-attractant is increasing with time. When the concentration is decreasing, the immune cells switch to a diffusive mode in order to find a more goal-directed migration direction.
Finally, in 'Spatial Gradient Sensing' (SGS), the immune cells are able to measure the spatial gradient of chemo-attractant and to actively turn into the direction of a nearby target (For details, see [12] ).
When inferring the migration parameters from the above four simulations, we obtain likelihood distributions p(w, κ) as shown in Fig. 6 . Note that the position of the peak in p(w, κ) cannot be compared to the 'true' values, due to the incompatible migration models in simulation and inference. Nevertheless, the inferred values are reasonable: For example, the most probable step width in the BLS simulation was w = 4.78, and the persistence was very large (0.9 on a scale from 0 to 1), which corresponds well with Fig. 6(a) .
When inferring the interaction parameters from the BLS and RMS simulations (Fig. 7a,b) , we find the expected signature of s = d = 0. In the case of SGS (Fig. 7d) , we find an attractive interaction, with a strength of about s = 0.6 and a range of about d = 175. Disappointingly, the σ-based inference algorithm does not find any interactions in the case of TGS (Fig. 7c) .
This failure was however to be expected, since in temporal gradient sensing the immune cells are only modulating their degree of directional persistence, depending on the rising or falling of chemoattractant concentration. They do not actually use the sign of turning angles in order to approach their targets.
METHODS
Quasi-2D and 3D essays
We assume an experimental assay where immune and cancer cells are mixed together in a collagen gel, or in any other matrix which is suitable for effective cell migration and which enables proper imaging with a microscope. If the matrix layer has a vertical thickness of only a few cell diameters, the system can be considered quasi two-dimensional, and the subsequent analysis can be restricted to the horizontal (x,y) cell positions. In the case of thicker matrices, where two cells can have the same horizontal position but be in different vertical planes, the z-position of the cells has to be measured as well, which is often not possible with very high precision. Moreover, the properties of cell migration often differ between the z-and x-y-directions. For these reasons, out method uses only the horizontal cell coordinates.
Format of input data
We assume that the cells in a given field of view are time-lapse recorded with sufficient spatial and temporal resolution. Automatic tracking methods can then be used to extract from each video frame the momentary cell configuration, which is stored in a separate file for later convenience. Each configuration file should contain a list of lines in the form (x, y, z, i, c), with each line corresponding to a specific cell. Here, x, y, z are the coordinates of the cell center, i is an ID number that is unique to each cell and that persists over subsequent video frames, and c ∈ {0 = immune, 1 = target}) is the category of the cell.
The number of lines in the configuration files can change from one time point to the next, as cells may leave or enter the microscope's field of view, because of cell division and death, or due to tracking problems.
Triplet-based analysis
From the configuration files, we extract the temporal trajectory of each individual cell i, defined as the list of 3D positions R
t ) for successive time indices t = 0, 1, 2, . . .. In the following, we need only the 2D positions, denoted by r
It is of practical importance that the cells need not to be tracked consecutively over a large number of frames, as our method requires only short 'triplets': sequences of three successive frames in which the positions of the same immune cell i (namely r 
2D cell migration model
The sequence of a cell's horizontal positions r (i) t is approximated by a directionally persistent random walk with a certain distribution p i (w) of step widths w, and a distribution p i (θ) of turning angles θ. Here, the step width in the move from time t to t + 1 is defined as r = | r The step width distribution is modeled as a Rayleigh distribution with the most probable step width w (the mode of the distribution):
The turning angle distribution is modeled as a von Mises distribution with persistence parameter κ:
where I 0 is the modified Bessel function of order 0.
For simulating cell migration, new values of r and θ are drawn from their respective distributions. The 'natural' shift vector of cell i is then given by
Force-based interaction model
Given the position r (i)
t of an immune cell i and the position r (j) t of its nearest target cell j, the relative vector from i to j is
The magnitude of the force on i is modeled as
where s is the strength parameter and d the range parameter.
The force-induced shift vector of cell i is then given by
Finally, the total shift vector of cell i is computed as the sum of the two contributions:
σ-based interaction model
In the σ-based interaction model, we assume that the magnitude |θ| of immune cell i's turning angle and the step width are determined by 'natural' migration, but that σ = sgn(θ) ∈ {−1, +1} depends probabilistically on the position of the nearest target cell j. In particular, there is a certain probability q that the immune cell will vote for the sign σ that leads closer to j:
We assume that this 'approach probability' q depends on the distance | u (ij) t | to the target as
where s ∈ [−1, +1] is a strength parameter and d is a range parameter.
Parameter inference in the force-based model
In the force-based model, we first compute the total shift ∆ tot of the immune cell i between time points t and t+1, using the three successive positions of i that are provided in a triplet.
Next we compute the expected force-induced shift ∆ f rc , given the relative position between the immune and target cell at time t, and given some candidate interaction parameters s and d.
Next we compute the resulting natural shift ∆ nat = ∆ tot − ∆ f rc , and decompose it into a step width r and a turning angle θ.
Based on r and θ, and given some candidate migration parameters w and κ, we compute the logarithm of the likelihood of the step performed by immune cell i in triplet t:
[logLLH]
The total logarithmic likelihood (logLLH) is obtained by summing over all triplets t and all immune cells i:
Note that this logLLH depends on the two migration parameters, but (indirectly) also on the two interaction parameters.
This quantity needs to be maximized over the 4-dimensional space of the model parameters w, κ, s, and d. For this purpose, we discretize the 4D space with a regular, finite grid (that is, w n = w 0 + n · ∆w, and equivalently for the other parameters). We first set the interaction parameters s and d to arbitrary starting values (on their respective grids) and compute the total logLLH exhaustively for all points on the 2D grid of the migration parameters w and κ. The resulting optimum values of w and κ are fixed and next we exhaustively compute the logLLH on the 2D grid of the interaction parameters s and d. Continuing in this way, we alternatingly optimize the migration and interaction parameters. The iteration is stopped when the same set of four optimum parameters is obtained in two successive cycles.
Parameter inference in the σ-based model
In the σ-based model, parameter inference of migration and interaction parameters is completely independent. To extract the migration parameters, we first compute the total shift ∆ tot of the immune cell i between time points t and t+1, using the three successive positions of i that are provided in a triplet. We decompose this shift into a step width r and a turning angle θ. Based on r and θ, and given some candidate migration parameters w and κ, we compute the logarithm of the likelihood of the step performed by immune cell i in triplet t:
The total logarithmic likelihood is again obtained by summing over all triplets t and all immune cells i:
Note that this logLLH depends only on the two migration parameters. It is therefore straight forward to compute it exhaustively on a 2D grid and thus to find the maximum likelihood values of w and κ. To extract the interaction parameters, we again compute the actual step width r and turning angle θ of immune cell i between time points t and t+1. From θ we extract the actual sign σ = sgn(θ) and, based on the relative vector u (ij) t to the nearest target cell j, the sign σ closer of the turning angle that would bring i closer to j. Given some candidate interaction parameters s and d, we furthermore compute the approach probability q according to Eq. 9. The logLLH for inference of the interaction parameters is then given
As usual, the total logLLH is given by
It is straight forward to compute this quantity exhaustively on a 2D grid and thus to find the maximum likelihood values of s and d. A better approach may therefore be to consider the detection of remote cell-cell interactions not as a problem of parameter inference, but as a problem of statistical hypothesis testing (for an example, see [13] ): Either there exist such interactions, or the null hypothesis is true and the immune cells find their targets by mere chance. Using that approach, the definition of an a-priori interaction model can be totally avoided. 
